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Abstract: Aero-engines, which encounter clouds of airborne particulate, experience reduced perfor-
mance due to the deposition of particles on their high-pressure turbine nozzle guide vanes. The rate
of this degradation depends on particle properties, engine operating state and the duration of ex-
posure to the particle cloud, variables that are often unknown or poorly constrained, leading to
uncertainty in model predictions. A novel method coupling one-dimensional gas turbine perfor-
mance analysis with generalised predictions of particle deposition is developed and applied through
the use of Monte Carlo simulations to better predict high-pressure turbine degradation. This en-
ables a statistical analysis of deterioration from which mean performance losses and confidence
intervals can be defined, allowing reductions in engine life and increased operational risk to be
quantified. The method is demonstrated by replicating two particle cloud encounter events for the
Rolls-Royce RB211-524C engine and is used to predict empirical particle properties by correlating
measured engine performance data with Monte Carlo model inputs. Potential improvements in the
confidence of these predictions due to more tightly constrained input and validation data are also
demonstrated. Finally, the potential combination of the Monte Carlo coupled degradation model
with in-service engine performance data and particle properties determined through remote or in
situ sensing is outlined and its role in a digital twin to enable a predictive approach to operational
capability is discussed.
Keywords: aero-engine; performance degradation; dust ingestion; particle deposition
1. Introduction
The dangers posed to the safe operation of gas turbine engines in the presence of
airborne particulate such as volcanic ash and mineral dusts are well documented, ranging
from benign events resulting in minimal damage to engines being rendered inoperative
and safety margins compromised [1]. Encounters between aircraft and volcanic ash remain
rare, but their consequences are well known due to several high-profile incidents involving
commercial airliners. Most prominent was the 2010 eruption of the Eyjafjallajökull volcano
in Iceland, when the resulting ash cloud reached and, shutdown, much of continental
European airspace, with an estimated economic impact of USD 5 billion [2]. This generated
significant interest in establishing quantities of ash in which engines could safely operate
to avoid future, costly airspace closures.
Airborne mineral dust is encountered with much higher frequency due to the growth
of aviation in arid regions and can be especially severe during dust storms. Due to
its constant presence in these environments, dust ingestion is often unavoidable, and
although not encountered in large quantities over short time periods typical of volcanic
ash, multiple flight cycles combined with dust storms can see the total quantity ingested
reach comparable levels [3]. However, to date, analogous safe quantities of mineral dust
that can be tolerated by an engine have yet to be established.
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This inability to avoid frequent ingestion of airborne particulate combined with the
impracticality of airspace closures has precipitated a shift towards model-driven, risk-based
approaches in which certain levels of damage, performance loss and reductions in safety
margin can be tolerated to maintain efficiency of operations [4]. Key to this is the ability to
determine safe quantities of airborne particulate that can be ingested by an engine without
compromising safety margins.
Past efforts to assess the implications of operating in airborne particulate have focused
on qualifying damage, with Clarkson and Simpson proposing a four stage metric ranging
from no damage to serious safety implications [5]. Although this provides an indication
of event severity, it does not quantify engine performance deterioration or safety margin
reductions. In pursuit of this, significant work has been carried out to develop numerical
models capable of predicting damage to individual components [5,6]. However, the ability
to carry out these quantitative damage predictions using deterministic approaches such
as computational fluid dynamics relies on complete knowledge of the particle properties
and flow boundary conditions, with the rate of deposition shown to be a function of
particle size, composition and concentration. Attempts have also been made to characterise
physical properties of ingested particles [7–9], with the inability to determine these in a
real-world scenario, such as during an exposure event, proving a hindrance to deterministic
approaches [10,11]. This introduces a high degree of uncertainty into the numerical models
currently available to predict the likelihood of deposition and limits confidence in the
results obtained.
In this contribution, we demonstrate a method for predicting engine performance
degradation due to particle deposition (Figure 1) in the absence of exact model inputs
relating to the dust cloud concentration and particle properties as is the case during real-
world encounters. To reduce uncertainty in the predicted engine performance degradation
compared to deterministic approaches, we develop a random sampling Monte Carlo
algorithm to carry out a statistical analysis, allowing performance loss to be predicted with
degrees of confidence. This methodology is based around a generalised, reduced-order
model [12,13], which, compared to existing deterministic methods, reduces the computing
time required to carry out a Monte Carlo analysis by several orders of magnitude. This
enables multiple combinations of variables to be assessed in a rapid manner and time
constant for the rate of deposition to be predicted, which can potentially be used to estimate
engine time to failure.
Figure 1. Deposited volcanic ash on the high pressure turbine nozzle guide vanes of a Rolls-Royce
RB211-524C engine involved in an encounter with the volcanic ash plume from the 1982 eruption of
Mount Galunggung in Indonesia [14].
2. Materials and Methods
2.1. Background
2.1.1. Historical Encounter Events
Encounters between aircraft and airborne particulate have increased significantly with
the growing prevalence of air travel and the development of large hubs in the Middle
East [3,15]. Whilst some events are well documented, others pass with relatively little
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attention as there is limited information relating to the particles encountered, the timeline
of events and loss of engine performance, which are key in determining the quantity
of dust ingested and the resulting damage. As a result, we focus this work on events,
for which some of this information is available, and crucially, for which engine performance
deterioration has been quantified.
2.1.2. 1982 Mount Galunggung Event
The most widely known encounter between volcanic ash and an aircraft occurred
on 24 June 1982 when a Boeing 747-234B equipped with four Rolls-Royce RB211-524C
engines, cruising at flight level 370 around 130 miles south of Jakarta, flew through an ash
cloud emanating from Mount Galunggung. During the event, all four engines experienced
compressor surge and loss of significant thrust and had to be shut down [14]. All engines
were restarted; however, a second surge of engine 2 left three running engines for a safe
landing at Jakarta. Post-event inspections found the cause of failure for all four engines to
be a loss of core surge margin due to combined effects of compressor erosion and deposition
in the high-pressure turbine. Engine performance data suggests that a 10% reduction in
NGV nozzle area was sufficient to cause compressor surge and loss of thrust [14]. This was
accompanied by a reduction in the high-pressure system spool speed and a steadily rising
exhaust gas temperature.
The encounter duration was estimated by Clarkson et al. [1] to be in the range 2–4 min.
Two separate retrospective analyses based upon estimates of the total ash mass deposited
in the high-pressure turbine and the quantity of metal eroded in the compressor arrived at
a concentration of around 2000 mg·m−3 [1]. Revisions of these calculations using better
informed assumptions predicted concentrations at an order of magnitude lower, at around
200 mg·m−3 [1]. This agrees with back-cast predictions carried out using ash dispersion
modelling, which suggest the time-averaged concentration during the encounter was
around 320 mg·m−3 [16].
2.1.3. 1985 Mount Soputan Event
A second event, in which a Boeing 747-238B again equipped with four Rolls-Royce
RB211-524C engines encountered an ash plume emanating from Indonesia’s Mount Sop-
utan occurred in 1985, during which the crew noted changes in engine performance and
infiltration of ash into the aircraft. Inspections after landing discovered that significant
damage had occurred, with compressor blades eroded and ash deposited on NGVs. A
retrospective analysis of engine performance data before and after the encounter showed
increasing exhaust gas temperature and reducing high-pressure turbine spool speed as
all four engines were run-down slightly [17]. However, this was insufficient to cause a
loss of significant thrust or compressor surge, performance deterioration remained within
accepted limits and the flight continued as planned. This resulted in a further four hours
of flight with all engines operating but not ingesting ash [17]. There was also evidence of
previously built-up deposits having been gradually shed from NGVs during this time [17].
Comparing the aircraft flight path and likely location of the ash cloud resulted in an
estimated encounter duration of 4–14 min, with multiple sources reporting an average dura-
tion of 8 min [2,15,17]. Numerical dispersion modelling carried out by Witham et al. [16] of
the ash cloud estimated a time-averaged concentration of 200 mg·m−3, whilst observations
of ash in the aircraft suggested a concentration greater than events where ash did not
infiltrate the cabin such as the 2014 Mount Kelud encounter [18]. Thus, a sensible range of
concentrations for the event is suggested to be 20–400 mg·m−3.
2.1.4. Engine Dose
The amount of particulate matter ingested by an engine can be quantified in terms
of a dose [3]. First proposed by Clarkson et al. [1] during an evaluation of previous
encounter events, it is defined as the product of the encounter duration and the average
dust cloud concentration. The theory of dose underpins the Duration of Exposure versus
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Ash Concentration (DEvAC) chart proposed by Clarkson and Simpson [5] in which known
encounter events are plotted based on their concentration and duration (Figure 2) with the
ellipse size representing uncertainty in these metrics.
This allows the events to be categorised using a four-stage qualitative range from no
damage to safety implications through long-term damage and exigent damage. Generally, events
resulting in serious safety implications are short duration, high concentration encounters in
which turbine deposition is the dominant damage mechanism, with the converse true for
erosion-dominated events, which result in negligible or long-term damage. The application
of a surge margin loss model [5] to a worst case scenario of volcanic ash ingestion has
allowed doses corresponding to probable (dark red) and possible (light red) engine damage
to be defined as shown in Figure 2. The non-linearity of these boundaries results from the
influence of concentration on the dominant damage mechanism, with high concentration
events resulting in failure due to particle deposition at a relatively low dose. Conversely,
for lower concentrations, larger doses can be tolerated before safety is compromised due to
the erosion mechanism outweighing deposition. The determination of these boundaries
has allowed a safe dose limit of volcanic ash to be defined as 14.4 g·s·m−3 [3].
Figure 2. The Duration of Exposure versus Ash Concentration (DEvAC) chart, showing the two
encounter events being investigated and their corresponding concentration and duration ranges [5].
The dashed blue lines in Figure 2 represent a constant dose and highlight how the
combination of concentration and duration through which this is achieved affect the
damage endured. For high concentration, short duration events such as the 1982 Mount
Galunggung encounter, the engine failed, resulting in serious safety implications; however,
for the less severe Soputan encounter, a similar dose was achieved through the combination
of a lower concentration and longer duration, resulting only in exigent damage and no
engine failure.
2.1.5. Nozzle Guide Vane Deposition
The rate at which an engine degrades during an encounter event depends on a balance
between two core damage mechanisms—compressor erosion and turbine deposition—with
the dominant mechanism depending on concentration. Generally, for high-dose encounters
with relatively high concentrations, deposition in the high-pressure turbine is the dominant
damage mechanism resulting in rapid nozzle throat closure [1].
In these cases, the reduced core flow rate due to nozzle throat closure results in the
compressor running line moving to a lower mass flow rate for a fixed pressure ratio. At the
same time, the combined effects of compressor erosion and abrasion result in a reduced
pressure ratio for a fixed core mass flow rate, with these combined effects reducing the
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compressor surge margin. Consequently, gas temperatures throughout the engine increase,
with the HPT unable to meet its intended pressure drop and the efficiency with which it can
extract work from the flow inhibited due to the reduction in flow capacity. This restriction
of core flow capacity through the engine reduces the compressor pressure ratio, ultimately
resulting in flow reversal and surge [19].
The compressor surge margin loss is therefore proportional to the deposition rate on
the high pressure turbine NGVs. The rate at which this occurs can be explained using
classical fouling theory, which considers the balancing of two phenomena: sticking and
shedding of surface deposits [20]. The Kern and Seaton [20] fundamental relationship for
modelling the accumulation of particulate has been adapted by Clarkson and Simpson [5]
to develop a formulation suited to deposition of particles on nozzle guide vanes. The
resulting relationship for the rate of deposit mass evolution as a function of the engine
operating state and airborne particulate concentration is given in Equation (1).
mdep = m0e−λt +
Cp W1 ζNGV
ρair λ
(1 − e−λ t) (1)
The mass accumulated, mdep, as a function of time, t, is governed by the initial mass
of deposit prior to the encounter, m0; core mass flow rate, W1; ambient air density, ρair;
dust cloud concentration, Cp; and the accumulation factor, ζNGV , which is a function of the
operating state of the engine, thermo-mechanical properties of the particles and the nozzle
guide vane stage architecture [12]. The term λ is defined as the shedding rate parameter
and represents the rate at which a stuck deposit is shed from the vane by aerodynamic
re-entrainment of surface deposits by shear flow in the boundary layer, causing molten
deposit to run-off the trailing edge of the vane. Additional mechanisms for deposit re-
entrainment occur including bombardment ejection, where particles impacting the molten
deposit layer ejected additional droplets from the surface in a splashing phenomenon [6].
These short-term effects are included implicitly in the Clarkson and Simpson [5] model
through the accumulation factor, with this being an average parameter over the duration
of an event and the shedding rate parameter capturing longer term shedding effects such
as aerodynamic re-entrainment.
Based on Equation (1), it was proposed by Clarkson and Simpson [5], that for a
given dose, there will occur a point in time at which the accumulation and shedding rates
are balanced, leading to a fixed mass of deposit on the vane. This is referred to as the
asymptotic nature of deposition and is important from a damage tolerance perspective
as it suggests that, if the asymptotic mass is reached with the engine still operating, then
a surge will not occur. However, if the concentration is relatively high, such as during
the Galunggung event, the accumulation rate outweighs the shedding rate throughout,
resulting in continued growth of deposit, up to the point that a critical mass is reached and
the engine surges. Due to this predictable asymptotic rate, with more accurate predictions
of the accumulation rate, it is possible to predict the point at which surge occurs for these
high concentration events based on the time constant of the asymptotic deposit growth rate.
2.1.6. The Accumulation Factor
The proportion of ingested particulate that deposits on high-pressure turbine NGVs
can be quantified using the Accumulation Factor proposed by Clarkson et al. [1]. This is
defined as the ratio between the mass of particles deposited in the NGV stage to the total
mass of particles ingested by the engine core during an encounter. The accumulation
factor depends on multiple factors including the physical properties of the dust, how these
change during particles’ passage through the engine, the flow field and NGV geometry
itself. These combined factors determine whether a particle is in either a fully or partially
molten state upon impact with the NGV, with the probability of deposition increasing
with the proportion of molten phase in the particle. For ash particles, the physical state
upon impact is linked to the particle viscosity, which depends on its temperature and
chemical composition [21]. As the particle viscosity reduces with increasing temperature,
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we therefore expect the accumulation factor and severity of deposition to increase with
increasing turbine gas temperature.
As deposits build up in the NGV stage, the HPT efficiency reduces and turbine gas
temperature increases, producing a commensurate reduction in the viscosity of particles
in the NGV stage, increasing their probability of deposition and thus the accumulation
factor. Given that the deposits causing this rise in turbine temperature develop over time,
it therefore follows that the accumulation factor increases during this same time period.
There is also evidence of non-linearity in the relationship between accumulation factor and
time, with this thought to be due to the modification of surface properties over time as the
deposit layer develops. Initially depositing particles do so against the bare vane surface,
but over time, a molten deposit layer develops which subsequently captures particles,
which otherwise would not stick to a clean vane leading to an acceleration in the deposition
rate [22].
Previous work has assumed the accumulation factor constant for a given particulate
type [5,6], based on a mix of engine testing and lab-based experimentation [23–25]. In
reality, the accumulation factor has complex dependencies on flow conditions, particle
properties, time and concentration [26]. Having a numerical model that can predict the
accumulation factor whilst incorporating these dependencies can be achieved by allowing
engine performance parameters to inform the accumulation factor prediction. In this
work, we present a method that allows this iterative calculation of accumulation factor
to be carried out, capturing time-dependent changes in the accumulation factor due to
variation in the engine operating point with time as a result of both particle deposition and
thrust requirement.
2.2. Methodology
As has already been discussed, difficulties in predicting the particle cloud concen-
tration and encounter duration lead to a large uncertainty in the dose received and thus
variations in the model predicted accumulation factor and associated performance deterio-
ration. When combined with uncertainty in the physical properties of the dust encountered,
which are difficult to predict for an encounter event, this leads to potentially large variations
in the engine performance deterioration predictions from existing deterministic models.
The methodology presented in this work presents a Monte Carlo approach, which can
be used to carry out a statistical analysis of engine damage, in the absence of discrete particle
and dust cloud properties. The approach couples several numerical models operating on
three distinct scales. Particle-level deposition modelling is used to inform component scale
damage models and to incorporate these into a numerical engine performance prediction,
allowing degradation associated with particle deposition to be assessed.
2.2.1. Engine Performance Model
A performance model of the Rolls-Royce RB211-524C was developed using the Numeri-
cal Propulsion System Simulation (NPSS), an object-oriented, nonlinear, aero-thermodynamic
gas turbine performance code that allows off-design analysis through component map inter-
polation [27]. The effects of engine deterioration can be incorporated into NPSS performance
predictions through the use of scalar audit factors, which modify the high pressure turbine
mass flow rate, pressure ratio and efficiency. The methodology presented introduces
methods to calculate these factors using numerical models, allowing for the inclusion of
deterioration due to particle deposition in the engine performance prediction.
The model mimics the three spool design of the RB211-524C and is fuel flow controlled
to obtain a fixed net thrust output. The model was validated using 20 steady-state operating
points from an exemplar mission specified by the airframe manufacturer [28], which
represents a typical passenger flight for a wide-body commercial aircraft. Each point in
the mission corresponds to a fixed altitude and flight Mach number, at which the engine is
commanded to provide a constant fuel flow rate. The results of this validation are shown
in Figure 3 for the turbine entry temperature (T4) and core flow rate (W1). Generally, the
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model provides a good performance prediction across the operating range of the engine,
particularly for high power-setting flight phases such as cruise, during which the two
encounter events previously discussed occurred.















Figure 3. Validation of the RB211-524C NPSS engine performance model for turbine entry tempera-
ture and core mass flow rate.
The accuracy of this prediction reduces for turbine entry temperatures and flow
rates corresponding to flight conditions with low power settings such as during approach
and landing phases in the example mission. This is thought to be a result of difficult-
to-model shaft inertia terms, in which the influence grows for low power settings. In
cases assessing degraded performance, which occurred at high power settings for the
two aforementioned volcanic ash encounters reported in References [14,17], the control
system response observed was used as inputs into the model. During these encounters,
the fuel-to-air ratio and combustor entry pressure were maintained at fixed values by the
engine control system.
2.2.2. Reduced-Order Accumulation Factor Model
The accumulation factor of particles ingested by an engine depends on the engine
operating state, physical properties of the particles and NGV architecture. Our previous
work developed a generalised approach encompassing these variables to predict the
accumulation factor of particulate matter in gas turbine engines. This approach is based
on two probabilities for a given particle: first, the probability of interaction, a measure of
how likely the particle is to come into contact with an NGV during its transit through the
engine, and second, the likelihood of an interacting particle sticking to the NGV following
interaction, termed the probability of retention.
2.2.3. Interaction Probability
The probability of interaction depends on the inertial response of the particle to
changes in the core gas flow and whether the particle retains sufficient inertia that it can
deviate from flow streamlines and can interact with an NGV. The particle inertia can be
quantified as a function of the fluid properties using the generalised momentum Stokes
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where U and W1 are the velocity and mass flow rate on entry to the NGV stage; N and h
are the number of NGVs and their height; dp, ρp and Rep are the diameter, density and
Reynolds number of the particle, respectively; and ψ is a correction factor to account for
drag non-linearity on particles at high Reynolds numbers. Using this corrected form of
the traditional Stokes number, Bojdo et al. [12] showed how the interaction probability,
ηint, of a particle can be predicted using a single function, the coefficients of which depend
on the particle sphericity and nozzle guide vane geometry only. Thus, the interaction
probability given by Equation (3) is independent from engine operating state. Particle shape
significantly affects the probability of interaction and is not one of the terms generalised by
the momentum Stokes number, leading to different curve fit coefficients ā, b̄, c̄ and d̄ for
particle sphericities, φ, of 1.00, 0.75 and 0.54 [12].






The probability of retention is a function of the thermal response of the particle to
changes in the core gas path temperature along with its thermal properties of the particle
itself. This thermal response can be quantified in terms of the particle properties and
engine operating state using the generalised thermal Stokes number, Stkth,gen, proposed by
Ellis et al. [13].
Stkth,gen =
cp,p dp2 ρp W1





where cp,p and T∗ are the particle specific heat capacity and softening temperature and
where k f , ρ f and Tf are the thermal conductivity, density and temperature of the flow
at entry to the NGV stage, respectively. The probability of retention, ηret, for a particle
with a given generalised thermal Stokes number can be calculated using a five parameter
sigmoid function based on a non-normalised version of the retention probability proposed
by Ellis et al. [13].






This function represents a generalised form of the Energy-Based Fouling of Gas
Turbines (EBFOG) particle deposition model derived by Casari et al. [29], which depends
upon two empirically determined constants A and C1. The curve fit constants c, d and e
can be calculated as functions of the constant C1 using the following equations:
c = −7.85 × 107 C12 + 5.86 × 104 C1 + 7.89 × 10−1 (6)
d = 0.984 C1−0.114 (7)
e = 3.400 × 10−3 ln(C1) + 4.101 × 10−1 (8)
2.2.5. Accumulation Factor
The final step in the reduced-order accumulation factor model is to combine probabili-
ties of interaction and retention to quantify the likelihood of a single particle depositing
and then to apply this to a distribution of sizes corresponding to a range of fixed gener-
alised Stokes numbers. The interaction probability depends on the generalised momentum
Stokes number, Stkgen, and can be multiplied by the retention probability, which depends
on the generalised thermal Stokes number, Stkth,gen, to give the probability of a particle
depositing. The proportion of particles with a given diameter that deposit on the vane
can then be determined by multiplying the fraction of each diameter in the normalised
mass distribution, n3, by the product of its interaction, ηint and retention, ηret, probabilities,
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calculated using Equations (3) and (5), respectively. This gives the proportion of each
discrete particle size in the distribution, which deposits on the vane, with examples of
this process demonstrated in References [12,13]. From this, the proportion of the size
distribution that is retained by the NGV can be derived by integrating the fraction of
each particle size, which deposits between the minimum, dp,lower, and maximum, dp,upper,
diameters in the distribution (Equation (9)). The ratio between this integral and that of the





n3 ηint ηret d(dp) (9)
2.2.6. NGV Throat Area Reduction
The Clarkson and Simpson [5] NGV deposition model given by Equation (1) permits
the mass of particulate that deposits in the nozzle guide vane stage to be calculated but
does not account for the influence of this on the flow path area between vanes and, thus,
the flow rate through the turbine. This change in nozzle flow path area contributes to
overall engine cycle performance loss by reducing the aerodynamic and thermodynamic
performance of the high-pressure turbine. Assuming the mass of dust deposited, mdep is
distributed equally across the pressure surfaces of the vanes, the change in throat area,
∆Athr, between adjacent NGVs can be calculated as a function of the un-degraded throat
spacing between vanes, lthr, as follows:




Equation (10) includes the conversion of the deposit mass to a corresponding volume
(mdep/ρdep N) distributed across the area of each vane pressure surface ANGV . Understanding
the bulk density of the deposit (ρdep) is therefore important in accurately determining the
deposit volume and depends on the porosity of the deposits, as highlighted by Pearson
and Brooker [30].
Given the functional relationship between the flow area and flow rate, the area change
given by Equation (10) is a proxy for the restriction of core flow rate imposed by the
deposit. Thus, we assume that the reduction in HPT flow rate is asymptotic with the same
time constant as Equation (1). It follows that the assumption made by Döring et al. [6] as
discussed in Section 2.1.5 that reductions in high-pressure turbine efficiency and pressure
drop follow this asymptotic relationship with deposited mass is appropriate in this instance.
2.2.7. Deposit Distribution Severity
The non-uniform deposit topologies seen in Figure 1 arise due to particle interactions
being preferentially concentrated at certain chord-wise positions on the vane depending on
their inertia and ability to follow the core flow [26]. Topology variations also result from
localised gradients in gas temperature, which promote deposition on relatively hot surfaces
such as the section of vane onto which combustor exit nozzles are directed [26]. Surface
temperature is also believed to play a role in deposit biasing; however, this is not currently
accounted for in the reduced-order accumulation factor model and is therefore excluded
from this analysis. Due to the non-uniformity of deposit thickness and an ever-decreasing
area in the NGV annulus, it follows that deposition primarily in the NGV throat results in
a greater reduction of flow capacity compared to a deposit at the leading edge, where the
annulus area is greater. The final parameter in Equation (10), θ is the deposit distribution
severity, which represents the extent of this throat area constriction.
Our novel approach numerically predicts the deposit distribution severity such that
it takes a value in the range 0–1, representing a normalised chord-wise location at which
the peak particle retention rate occurs for each of the generalised thermal Stokes numbers
assessed by Ellis et al. [13]. A deposit distribution severity of unity is a worst case scenario
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in which all deposit occurs at the trailing edge of the vane in the nozzle throat, resulting
in the greatest reduction in throat area. This depends on the chord-wise distribution of
retention probability, which is a function of the particle thermal response and engine
operating state [13] and can therefore be defined as a function of the generalised thermal
Stokes number. By determining the chord-wise location of peak retention rate for particles
with a range of generalised thermal Stokes numbers and curve-fitting the results, we obtain
a five-parameter sigmoidal relationship between generalised thermal Stokes number and
its corresponding deposit distribution severity, θ̂, the coefficients of which are given by
Equation (11).







The deposit distribution severity of a bulk dust with a range of particle sizes, θ, can
be calculated by applying Equation (11). The corresponding generalised thermal Stokes
number is calculated for each discrete diameter in the PSD and Equation (11) is used to
compute the deposit distribution severity for each generalised thermal Stokes number. This
is multiplied by the corresponding mass fraction in the normalised PSD (n3), giving the
contribution of each generalised thermal Stokes number to the deposit distribution severity.





θ̂(Stkth,gen) n3 d(dp) (12)
2.2.8. Coupled Degradation Model
As deposition damage evolves in the high-pressure turbine, we expect the core gas
temperature to increase and to in turn modify the inertial and thermal properties of the
particles and core gas flow, resulting in varying interaction and retention probabilities. To
obtain reliable predictions of NGV deposition damage and subsequent performance loss,
the effect that a constantly changing engine operating state has on these variables needs
to be accounted for in numerical models. This necessitates coupling the three separate
models already described to allow the effect of degradation on the time and temperature
dependencies of the accumulation factor to be captured. The model, outlined in Figure 4,
achieves this by iterating through a mission specified as a series of time steps, evolving
the NGV deposits at each stage and assessing their effect on engine performance and the
accumulation factor.
Figure 4. Block diagram showing the structure of the coupled degradation model used to carry out
the statistical analysis of dust properties for dust cloud encounter events. Step numbers in the model
process are indicated above each block.
2.2.9. Model Inputs
Configuration files are used to define input properties and constants related to the
mission profile, engine, and NGV stage design and properties of the ingested particles
(step No.1 in Figure 4). Inputs required for the mission include an altitude–time profile
specified as steady-state points separated by a time-step ∆t at which the aircraft maintains
a fixed Mach number and thrust requirement. The dust cloud concentration at each point
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in the mission profile is directly prescribed, but profiles can be specified as a function of
altitude. Engine design inputs are required to assess the generalised Stokes numbers of
particles and include the throat spacing between adjacent vanes. Additionally required
is the geometry of the nozzle guide vane stage, including the number of vanes and vane
pressure surface area. Particle inputs cover both inertial and thermal properties along with
the particle size distribution. Empirical model constants for the EBFOG particle fate model
used to predict the probability of retention are also required. A full list of the required
particle properties is given in Table 1.
2.2.10. Coupled Algorithm
The first step in the analysis is to establish engine performance over the desired
mission for a clean case in which there is no degradation during the mission. This initial
assessment may account for pre-existing degradation if this information is available. The
model maintains a fixed thrust specified in the mission profile for each steady-sate point,
allowing the fuel–air ratio at each point to be determined.
A degraded instance of the model is then executed by commanding the engine to main-
tain the fixed air–fuel ratio determined in the clean mission for each steady-state point and
thus allowing the net thrust to respond to the new engine condition (step No.3 in Figure 4).
This replicates the engine controller behaviour observed during the two encounter events,
where thrust gradually deteriorated over time, with the engine maintaining a fixed air–fuel
ratio and combustor delivery pressure [14,17]. For a fixed fuel–air ratio, NPSS returns
the corresponding core temperatures and pressures, from which fluid properties at the
NGV stage inlet such as the gas density and thermal conductivity are derived. These
properties are critical in calculating the generalised Stokes numbers used to determine
the interaction and retention probabilities. Thus, combining these engine performance
derived properties with the particle inputs allows the accumulation (step No.4) and deposit
distribution severity at the given time-step to be computed.
The NGV damage model (step No.5) is then used to calculate the total mass deposited
and the reduction in high-pressure turbine throat area. This is then used to update the
NPSS scalar audit factor terms for the HPT mass flow rate, efficiency and pressure drop
following the assumption of Döring et al. [6] that these can be considered equal as a first-
order approximation. The engine performance is then updated at the next time-step in the
mission accounting for the damage that occurred previously, with the solution proceeding
iteratively and evolving NGV damage-induced performance loss through each time-step.
2.2.11. Input Variable Randomisation
The coupled degradation model allows the engine degradation to be calculated over
time if the mission profile, dust concentration, encounter duration and properties of the
ingested particulate are known. However, in a real encounter event, these variables are
not known precisely and can vary significantly, potentially over orders of magnitude,
with compounding uncertainties for multiple input variables leading to large errors in the
predicted performance deterioration.
The final facet of the coupled algorithm is the randomisation module (step No.2 in
Figure 4), which allows Monte Carlo analyses to be carried out to address this uncertainty
in the model inputs. The randomisation module allows plausible ranges for each input
to be prescribed, from which the algorithm samples a value within the range specified
for each variable using a uniformly distributed random number generator, and runs the
coupled degradation model. This allows the effect of multiple combinations of ambiguous
input variables on engine performance deterioration to be assessed, allowing a statistical
approach to be taken in predicting the performance loss experienced by the engine. It is
this module that we focus on when assessing the two historic ash encounter events.
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2.2.12. Damage Assessment of Historic Encounter Events
In order to apply the methodology to the two volcanic ash encounter events already
described, which have uncertainties in the ash cloud concentration and the particle en-
counter duration, we first define plausible ranges for the two volcanic ashes encountered
during the two events. Physical properties of the ash encountered during these two events
are also uncertain; however, likely ranges can be estimated based on literature sources for
the same types of ash. Empirically determined inputs such as the retention probability
model constants A and C1 are more ambiguous and do not currently have well-defined
ranges. As an initial approximation, we constrain these variables over three orders of mag-
nitude, considered a reasonable range based upon the limited literature [29]. A summary
of the property input ranges used to emulate the Galunggung and Soputan encounters are
shown in Tables 1 and 2, respectively.
Table 1. Dust property ranges for the basaltic–andesite ash encountered during the 1982 Mount
Galunggung encounter.
Property Unit Upper Limit Lower Limit Refs.
Concentration, Cp mg·m−3 1000 100 [1,16]
Event Duration, D min 4 2 [1]
Particle Heat Capacity, cp,p J·kg−1·K−1 1600 510 [7,8]
Particle Density, ρp kg·m−3 2900 2590 [7,9]
Particle Softening Temperature, T∗ K 1420 923 [25]
Deposit Density, ρdep kg·m−3 2400 1430 [30]
Particle Size Distribution − Log-Normal [9]
Geometric Mean Diameter, µgeo − 3.25 1.50 [9]
Geometric Standard Deviation, σgeo − 2.00 1.00 [9]
EBFOG Model Constant, A − 1.00 0.10 –
EBFOG Model Constant, C1 − 2.51 × 10−4 2.51 × 10−6 –
Shedding Rate Parameter, λ s−1 5.00 × 10−4 2.00 × 10−4 –
Table 2. Dust property ranges for the basaltic ash encountered during the 1985 Mount Soputan encounter.
Property Unit Upper Limit Lower Limit Refs.
Concentration, Cp mg·m−3 400 20 [16]
Event Duration, D min 14 4 [15,16]
Particle Heat Capacity, cp,p J·kg−1·K−1 1600 510 [7,8]
Particle Density, ρp kg·m−3 2900 2590 [7,9]
Particle Softening Temperature, T∗ K 1420 923 [25]
Deposit Density, ρdep kg·m−3 2400 1520 [30]
Particle Size Distribution − Log-Normal [9]
Geometric Mean Diameter, µgeo − 3.50 1.50 [9]
Geometric Standard Deviation, σgeo − 2.00 0.50 [9]
EBFOG Model Constant, A − 1.00 0.10 –
EBFOG Model Constant, C1 − 2.51 × 10−4 2.51 × 10−6 –
Shedding Rate Parameter, λ s−1 5.00 × 10−4 2.00 × 10−4 –
2.2.13. Independence of Outcomes
With the inputs defined in Tables 1 and 2, we used the randomisation module of
the model to carry out a Monte Carlo analysis for different combinations of these input
properties. For each event, the model was computed for three cases corresponding to a
different average particle sphericity. This is included due to its influence on the probability
of interaction of a particle and, hence, the accumulation factor, with the interaction prob-
Aerospace 2021, 8, 146 13 of 24
ability being dependent on particle shape [12]. The model was run for 4000 cases, each
with a different set of randomly selected inputs based on the input property ranges in
Tables 1 and 2. This was deemed appropriate by successively doubling the number of cases
and by observing the average changes in high-pressure turbine throat area change and
exhaust gas temperature. Doubling from 2000 to 4000 cases resulted in a 0.5% change in
both of these metrics and was deemed sufficient. NPSS is capable of predicting the engine
surge margin for a combination of commanded steady state performance and level of
degradation and can therefore identify a combination of inputs that are sufficient to surge
the engine. Despite this, NPSS still attempts to solve the system of equations to resolve the
steady-state engine performance without convergence. To account for this, the algorithm
was set up to identify any cases in which the reduction in nozzle throat area was sufficient
for surge to be predicted and thus would have resulted in an un-physical performance
prediction. These cases are then neglected when predicting degraded performance trends
for the engine.
2.2.14. Predicting Empirical Constants
The coupled modelling approach can also be used to estimate the empirical constants
that underpin the probability of retention model, A and C1. To do this, we execute the
Monte Carlo approach for 4000 cases with randomly selected inputs. To estimate the two
empirical constants, we first determine the changes in engine performance, specifically the
reduction in high-pressure spool speed and rise in exhaust gas temperature for each case.
These cases are then filtered to determine those that result in a solution that produces both
an EGT rise and HP spool speed reduction that falls within the ranges observed during the
encounter event. This is a range of values due to the fact that the four engines involved in
each encounter degrade at varying rates and therefore experience different reductions in
performance. For these down-selected cases, we then produce histograms of the variables
A and C1, which were selected as the inputs for each and fit probability distributions to
the data, from which a mean and confidence interval for each constant in the retention
probability model can be predicted.
3. Results
3.1. Accumulation Factor Model Validation
The Galunggung event provides a means to validate the reduced-order accumulation
factor model, as the reported post-event estimations of NGV throat area change for the
four engines involved in the encounter can be compared to the Monte Carlo predictions.
The histograms shown in Figure 5 can be plotted and represent distributions of post-event
nozzle guide vane throat area change for three discrete particle sphericities as predicted
by the coupled model. Normal probability density functions have been fit to the data and
used to estimate the mean and standard deviation of the NGV throat area change, with
a one standard deviation (68%) confidence interval for this prediction defined. These are
shown in Figure 5 along with throat area reductions estimated by the OEM for the four
engines involved in the event.
For perfectly spherical particles (φ = 1.00), the predicted mean throat area reduction
is 8.5%, reducing to 7% for a sphericity of φ = 0.54, where particles are less likely to
interact with and deposit on the vane due to increased drag [12]. The predicted throat
area reductions are generally at the lower limit of the range reported by the OEM, with
the mean for sphericities of φ = 1.00, 0.75 falling within the observed range and that for a
sphericity of φ = 0.54 falling outside. The difference in mean throat area reduction across
these three sphericities is less than 1.5% and small in comparison to the 10% area change
variation, which defines the 68% confidence interval upper and lower limits, suggesting
that particle shape can be considered second-order compared to the other input properties
in the Monte Carlo analysis. For all results presented herein, a mean sphericity of φ = 0.75
is assumed on the basis of other basaltic–andesite ashes that exhibited mean sphericities
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between 0.7–0.8 [9] and the implausible proposition that all particles ingested during the
event were perfectly spherical.





















Figure 5. Predicted high-pressure turbine throat area change distributions for particle sphericities of (a) φ = 1.00, (b) φ = 0.75 and
(c) φ = 0.54 comparing the predicted mean throat area change and 68% confidence interval with observations from the four engines
involved in the Galunggung event.
The calculated one standard deviation confidence intervals in Figure 5 span a rel-
atively large range (10%), which is comparable to the different throat area reductions
reported by the OEM for the four engines involved. This indicates that, in the absence of
specific inputs relating to the encountered ash, the Monte Carlo approach and coupled
degradation model is appropriate and predicts post-event NGV throat area changes that
reflect observations from real-life engine operation. Given the relation between standard
deviation and input uncertainty, the large confidence intervals in these predictions are
likely due to the number of variables and the order of magnitude ranges over which some
of these vary. Conservatively defined limits on these ranges lead to widened confidence
intervals on the fitted distribution, and it is therefore reasonable to expect that, with more
precise input data, the size of these confidence intervals would reduce.
Figure 5 shows a number of cases that result in throat area reductions greater than 20%
and predict a surge event. This is higher than the 7–15% range reported for the engines
that surged in the encounter [14], likely due to the model results representing a surge
margin loss caused by a hypothetical scenario where NGV deposition is the only damage
mechanism. In reality, surge margin loss is driven by a combination of turbine deposition
and compressor erosion. However, neither the latter nor the effects of deposition on the
HPT rotors were considered, but whilst unlikely to significantly change flow path areas,
both would have enhanced the reductions in HPT efficiency and pressure drop. It is
therefore reasonable to expect that incorporating these additional damage mechanisms
would reduce the model predicted throat area change for surge.
3.2. Coupled Algorithm Validation
The results presented in Figure 5 show the ability of the reduced-order accumulation
factor model to predict NGV throat area reduction but do not indicate how well the
coupling between NGV deposition and engine performance models translates this into a
prediction of performance degradation. For the Galunggung and Soputan events, sufficient
on-wing data exist to estimate the performance degradation after an encounter, which
in both cases manifested as steadily increasing exhaust gas temperature and a gradual
reduction in the high-pressure spool speed (See Section 2.1.1). Whilst not explicitly stated
in References [14,17], it is also possible to estimate pre-existing degradation prior to the
encounters by comparing expected performance in a clean state with measured data prior to
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divergence during the ash cloud encounters. For each Monte Carlo case, the EGT increase
and reduction in HP spool speed have been calculated whilst accounting for pre-existing
changes, with the results of this allowing the same statistical analysis used to assess NGV
throat area reduction to be carried out for the two events.
3.2.1. 1982 Galunggung Encounter
The predicted exhaust gas temperature increase and reduction in high-pressure spool
speed for the Galunggung event are represented by the histograms in Figure 6a,b, respec-
tively. For each, a probability distribution has been fitted to the histogram data, from which
the mean and corresponding one standard deviation confidence intervals for EGT increase
and HP spool speed change can be estimated and compared to the performance loss range
observed for the four engines involved in the encounter. Figure 6a shows that the coupled
model under-predicts changes in EGT, with the distribution mean of 18 K falling outside
the range reported for the four engines in the event. However, the upper 68% confidence
limit of 26 K falls within the OEM reported range (22–36 K), with the difference between
this and the predicted mean being a relatively small discrepancy, around 1% of the total
EGT of approximately 1000 K and much lower than a typical installed EGT margin of
100 K. This suggests that all four of the engines surged before the EGT margin could reduce
to such a point that the red-line limit was reached and supports the observation of the
OEM that all four engines breached their EGT red-line limit but only after the initial surge
event [14].


















Figure 6. Model predicted change in exhaust gas temperature (a) and high-pressure spool speed (b)
for the Mount Galunggung encounter event, with exponential and normal distributions, respectively,
fit to the data and a comparison between the mean performance change predicted by the model and
the range observed for the four engines involved in the event.
The reduction in high-pressure spool speed is better predicted, as shown by Figure 6b,
with the mean reduction in spool speed and over half of the 68% confidence interval falling
within the range of HP spool speed reductions reported by the OEM. The predicted mean
is at the lower end of the range observed for the four engines, which is understandable
given that pre-existing changes in HP spool speed for the four engines were unknown and
could not be incorporated in this prediction. It is therefore plausible that the predicted
mean in Figure 6b represents an under-prediction of the spool speed reduction, with the
confidence in this prediction also expected to improve with reducing ranges for the Monte
Carlo algorithm input data.
The range of OEM reported performance changes in Figure 6 reflect differing re-
sponses in the four engines when exposed to the same environment, with varying exposure
durations and levels of throat area closure required to induce surge. It can be determined
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how many of the 4000 Monte Carlo simulations provide a set of inputs that satisfy the range
of performance degradation reported by the OEM and therefore the changes in NGV throat
area that result in surges. An analysis can also be carried out on an engine-by-engine basis
with the recorded performance loss for each engine taken and a ±5% variation allowed in
the reported EGT and HP spool speed for the engine under consideration. Table 3 shows
how many of the 4000 computed cases predict EGT rises and HP spool speed reductions
that fall within these limits for all engines and then each respective engine along with the
number of cases that satisfy both conditions simultaneously.
Table 3. A summary of the number of Monte Carlo cases (of 4000) that satisfy the recorded perfor-
mance changes for each engine in the Galunggung event. Additionally indicated are the predicted
NGV throat area reductions corresponding to these cases that reflect the order of engine failures
during the event.
All Engines Engine 1 Engine 2 Engine 3 Engine 4
Performance Parameter Number of Cases Falling in OEM Range
HP Spool Speed Change 1522 163 150 151 86
Exhaust Gas Temperature Change 630 148 94 66 168
Both HP and EGT Changes 262 71 9 7 10
Predicted Throat Area Change [%] – −12.3 −13.1 −16.7 −12.0
Event Failure Order – 3 2 4 1
Flight Cycles – 1116 2324 2207 2605
The cases that satisfy the recorded performance loss for both EGT and N3 can be
used to estimate the reduction in NGV throat area at the point of surge and therefore the
failure point for each of the four engines. To do this, the mean NGV throat area change
of the down-selected cases is computed for each engine and recorded in Table 3, with the
predicted range of 12–17% throat area loss for the four engines involved in the event larger
than the 7–15% reduction reported by the OEM. This over-estimation of the throat area
change required for engine failure is due to the model being limited to NGV deposition
damage only, with the throat area reduction for surge expected to reduce as additional
damage mechanisms are accounted for.
Table 3 also indicates how the predicted throat area changes for the four engines reflect
the failure sequence observed during the event, with the first to fail (engine #4) subject to
the lowest predicted area reduction. This engine also had the highest number of completed
flight cycles and is likely to have been exhibiting the greatest pre-existing degradation of
EGT and surge margins prior to the event. Therefore, the tolerable throat area reduction
prior to the remaining surge margin being expended was reduced in comparison to the
other engines resulting more rapid failure. By contrast, engine #3 failed last, with a
predicted NGV throat area reduction of 17%, suggesting that this engine had a larger
remaining EGT and that surge margins on entry to the ash cloud could therefore tolerate
further deposition and a greater reduction in throat area before surging.
This observation highlights the importance of understanding how pre-existing degra-
dation contributes to reduced EGT and surge margins prior to an encounter event in order
to allow for accurate predictions of the engine failure point, with this prediction required
on an engine-by-engine basis. In the future, the initial state of degradation prior to the
encounter event should be included in the coupled degradation model in order to account
for this additional uncertainty.
3.2.2. 1985 Soputan Encounter
The same analysis has been carried out for the model predictions of performance
degradation during the Soputan event. We see in Figure 7a,b that the predicted mean
changes in HP spool speed and EGT are both well captured by the coupled model, with
the predictions falling inside the OEM quoted performance loss range. For the HP spool
speed, the whole OEM reported range falls within one standard deviation (68% CI) of the
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mean, suggesting high certainty in the prediction of this parameter. The model predicts
an EGT rise of 16 K, which is within the relatively large OEM reported range (9–28 K)
and significantly smaller than a typical installed EGT margin (approximately 100 K). It is
therefore prudent to assume that, during the event, EGT did not exceed its red-line limit for
any of the four engines, a conclusion commensurate with flight crew observations during
the event that performance of all four engines remained within specified limits [17].


















Figure 7. Model-predicted change in exhaust gas temperature (a) and high-pressure spool speed (b)
for the Mount Soputan encounter event, with exponential and normal distributions respectively fit to
the data and a comparison between the mean performance change predicted by the model and the
range observed for the four engines involved in the event.
Generally, for the Soputan event, we observe smaller ranges for the measured perfor-
mance loss compared to the Galunggung event, particularly in terms of the HP spool speed
(Figure 7b). These smaller ranges arise due to the fact that the range of flight cycles since
the most recent overhaul for the four engines was over half of that for the Galunggung
engines (i.e., the difference between the engine with the maximum and minimum number
of cycles). Thus, the state of the four engines on entry to the ash cloud was more closely
matched compared to the Galunggung event.
The coupled degradation model approach to predict throat area reduction was verified
and the coupling of this with an engine performance model was shown to predict a
performance loss that is representative of the limited observations made by the OEM. This
allows for a final analysis to be carried out for the Soputan event, which is to predict the
throat area reduction experienced during the encounter, something that was not recorded
after the event due to the continued operation of the engines for a number of hours after,
during which large quantities of the accumulated ash were shed [17].
Figure 8 shows the predicted throat area change for the Soputan event along with its
confidence interval, with the mean reduction in throat area predicted to be approximately
8% with a one standard deviation confidence interval of 2.5–13%. Comparing this to
the Galunggung event, in which the engines surged after an estimated loss of 7–15%
throat area, it is conceivable that engines in the Soputan event could have surged had the
exposure duration lasted just a minute or two longer. However, surge did not happen,
and the aircraft continued to its destination, suggesting that, despite being of the same
type, the engines involved in this event were more tolerant to damage than those in the
Galunggung event. This behaviour can be explained by the relative age of the four engines
compared to their counterparts in the Galunggung event, with the Soputan engines having,
on average, less than half the number of flight cycles since their most recent overhaul and
larger surge margin remain upon entry to the ash cloud. This demonstrates the rapid
nature of deposit evolution during these high concentration events, further highlighting
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the need to understand existing engine degradation prior to an encounter and showing the
importance of quantifying the fine margins between areas of possible and probable safety
implications in the DEvAC chart (Figure 2).






Figure 8. The predicted NGV throat area reduction for the Soputan encounter during which engines
did not surge, indicating how this was comparable to that observed for the Galunggung event in
which all four engines experienced surge.
3.3. Empirical Constant Prediction
Applications of the coupled degradation model using Monte Carlo simulations to
predict NGV deposition damage are not limited to just replicating historic events. The
approach can also be used in conjunction with measured engine performance data to
predict properties of the particles encountered, in particular the empirical constants A
and C1, which underpin the particle retention probability (Equation (5)), as discussed in
Section 2.2.14. It is also plausible that the approach presented here could be applied to
predict other, unknown properties of the ingested particles. To demonstrate this, we specify
three Monte Carlo cases in Table 4:
• Case 1—the 1982 Galunggung event, as defined in Table 1.
• Case 2—hypothetical scenario where the constants A and C1 are the only unknowns.
• Case 3—hypothetical scenario where the constant A is the only unknown.
It is assumed that all other parameters in the final two events can be resolved to a
constant value, which, based on current knowledge, is an optimistic assumption but allows
for an investigation of the effect that reducing the number of unknown variables in the
analysis has on the confidence in the model predictions.
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Table 4. Input data for the three hypothetical cases examined, showing the increase in certainty for
each variable between input datasets.
Case 1 Case 2 Case 3
Property Unit Upper Limit Lower Limit Upper Limit Lower Limit Upper Limit Lower Limit
Cp mg·m−3 1000 100 400 400
D min 4 2 4 4
cp,p J·kg−1·K−1 1600 510 800 800
ρp kg·m−3 2900 2590 2680 2680
T∗ K 1420 923 1100 1100
ρdep kg·m−3 2400 1430 1915 1915
Distribution − Log-Normal Log-Normal Log-Normal
µgeo − 3.25 1.50 1.825 1.825
σgeo − 2.00 1.00 1.50 1.50
A − 1.00 0.10 1.00 0.1 1.00 0.1
C1 − 2.51 × 10−4 2.51 × 10−6 2.51 × 10−4 2.51 × 10−6 5.00 × 10−5
λ s−1 5.00 × 10−4 2.00 × 10−4 4.00 × 10−4 4.00 × 10−4
For the purpose of this demonstrative analysis, we use the measured engine per-
formance loss data from the Galunggung event and follow the approach set out in
Section 2.2.14. Retaining only the subset of Monte Carlo cases that predict an EGT rise
and HP speed reduction that both fall within the range of measured performance loss,
histograms of the randomly selected inputs for the variables A and C1 are constructed, as
demonstrated in Figure 9 for Case 1. Carrying out this process for the three cases defined
in Table 4, we obtain three predictions for the model constants A and C1 along with the
confidence interval for the prediction of these constants, which are summarised in Table 5.














Figure 9. Histogram of outputs showing the distribution of input values for the empirical constants
A (a) and C1 (b) that resulted in a simulation predicting both EGT rise and HP speed reduction that
fall within the ranges observed during the Galunggung encounter event. The predicted mean value
from the simulations carried out and the confidence interval for this prediction are also presented.
The results in Table 5 show that reducing the number of uncertain variables in the
Monte Carlo input selection algorithm results in the overall confidence in the prediction of
the empirical constants A and C1 improving. The standard deviation of the predicted mean
value of A and therefore size of its confidence interval reduces by 85% between cases 1
and 3, whilst the standard deviation and confidence interval for the prediction of C1 is
reduced by 45% between cases 1 and 2. The result of case 3 is also significant, which shows
that, assuming that the constant C1 has a fixed value and that the results in the retention
probability coefficients c − e in Equations (6)–(8) are also constant, dependence of the
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retention probability (Equation (5)) can be reduced to a single empirical constant A, further
generalising the reduced-order accumulation factor model when used in this context.
Table 5. Predicted model constants A and C1 for the three hypothetical cases defined in Table 4.
Case OptimisationVariables
Mean StandardDeviation 68% Confidence Interval
A C1 (10−5) A C1 (10−5) A C1 (10−5)
Case 1
Cp, D, cp,p, ρp, T∗,
ρdep, µgeo, σgeo, A, C1, λ
0.66 11.9 0.21 6.76 0.45–0.87 5.16–13.5
Case 2 A, C1 0.82 7.38 0.13 3.70 0.95–0.70 3.68–7.40
Case 3 A 0.75 – 0.03 – 0.79–0.72 –
4. Discussion
4.1. Improving Data Quality
Although the Monte Carlo coupled degradation model can predict the performance
deterioration and failure point of an engine based on limited, uncertain input data, it has
been noted how increasing ranges for these inputs results in wider, less certain confidence
intervals for the predicted performance loss. The results presented in Table 5 demonstrate
the effect of reducing uncertainty in this input data and show how the ability to resolve
particle property inputs to a single value can reduce the size of this confidence interval
by over 80%. However, the two hypothetical cases in Table 4 on which these results are
based assume that exact particle properties are known, a scenario that is unrepresentative
of current capability. Although existing remote and in situ sensing methods can be used to
characterise dust cloud properties such as the particle size distribution and concentration,
they currently lack the ability to resolve more fundamental properties such as the particle
density and composition [16]. Determining these properties currently requires particulate
samples to be collected and retrospectively characterised, a process too time consuming for
the determined properties to be used in predictions of remaining engine life. Whilst this
remains the capability to predict particle properties, the Monte Carlo coupled degradation
model is limited to operating with specified ranges for these input variables and, by
definition, has a reduced degree of confidence in its predictions compared to when the
exact particle properties are known.
The quality of on-wing data used to validate and quantify the confidence in predicted
performance degradation is also important. Measured performance degradation of the
engines involved in the Galunggung and Soputan events (Figures 6 and 7) varied signifi-
cantly due to non-uniform EGT and surge margin reductions for the engines prior to the
event. These variations introduce difficultly in assessing how well the coupled degradation
model predicts engine performance loss and highlights the need to predict degradation on
an engine-by-engine basis whilst accounting for pre-existing efficiency losses. To include
this in model predictions, additional data, unavailable for the Soputan and Galunggung
events, quantifying efficiency reductions prior to the encounter is required or the variability
of pre-existing degradation needs to be captured in the coupled degradation model inputs.
Combining these more comprehensive validation data with better constrained inputs from
remote or in situ sensing capable of resolving fundamental particle properties ultimately
improves the robustness of this approach, confidence in the quantification of engine perfor-
mance degradation, remaining engine life and operational decisions, which are based on
these factors.
4.2. Model Applications
The coupled degradation model for predicting NGV deposition damage and resulting
degradation in engine performance has a number of potential applications throughout the
life-cycle of an aero-engine. At the design stage, this approach has the potential to enable
both component and whole engine life to be assessed based on what would, at the time of
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design, be an unknown use of the engine in dusty environments. This ability to test the
response of a proposed design in a range of operating conditions would greatly improve
the information available when evaluating and selecting new technologies, leading to a
better understanding of how a proposed engine design behaves once in service, where it
may encounter a range of different particle laden environments. Ultimately, this enables
the design of engines to be more tolerant to the environments in which they operate.
Engines that are more tolerant to particle-induced damage ultimately have reduced
maintenance costs compared to their predecessors, and the Monte Carlo approach to
predicting degradation provides additional opportunities to further optimise these costs.
The predictions of engine damage rates, their accompanying performance degradation
and ultimately the points at which EGT or surge margin are expended, which the Monte
Carlo-coupled degradation model provides, are valuable pieces of information for oper-
ations planners that can be used to optimise maintenance scheduling and, in turn, cost.
In particular, the ability to forecast when an engine will fail based on its planned use is
a enabling capability in the shift from on-condition, reactive maintenance, where only
imminent failures can be identified, to pro-active strategies, where failure is predicted
and reacted to well in advance of its occurrence. With the improvements in on-wing data
quality already discussed, the coupled degradation model could be combined with sensed
performance data to predict future degradation of the engine based on its actual condition.
Combining this with the model’s ability to predict particle properties, this approach could
be applied as part of a hybrid data and model driven digital twin, with machine learning
cycles used to continuously improve model inputs based on a combination of sensed data
and model predictions. This would allow for estimations of performance loss, remaining
engine life and maintenance intervals to be refined based on both historic and future use of
the engine.
A final application of the coupled degradation model is its potential use in the as-
sessment of in-service engine susceptibility to different airborne particle types. For high
concentration, short duration volcanic ash encounters, the use of this approach lies in un-
derstanding the sensitivity of engine damage rate and failure point to different doses and
ash types. The ability to predict, with confidence, a safe dose would allow the boundaries
between different damage categories in the DEvAC chart (Figure 2) to be quantified in
terms of a dose that can then be correlated to potential risk. Current avoid policies for air-
borne ash could then be replaced with a graduated risk approach in which safe cumulative
dose limits are defined, through which an aircraft can operate safely but with performance
and cost penalties. This represents a significant improvement in the operational guidance
that can be given to operators and regulators, something that was lacking in the immediate
aftermath of the 2010 Eyjafjallajokull eruption.
For the ingestion of airborne dust, which causes a more gradual loss of performance
over multiple flight cycles, benefits of a Monte Carlo approach to damage prediction lie
in the ability to quantify the economic impacts of proposed flights through dusty envi-
ronments to aid operational planning. Combining the Monte Carlo coupled degradation
model with existing flight trajectory optimisation tools that contain predictions of seasonal
and geographical variations in airborne dust would allow the damage associated with
flying through airborne particles to be quantified and used as a consideration in the opti-
misation of route plans. For example, an operator may be able to trade-off the implications
of additional maintenance costs to rectify damage due to taking a direct route through
relatively high concentrations of airborne dust with increased fuel consumption and addi-
tional flight time associated with a less direct route to avoid said cloud. This improves the
flexibility that an operator has over their operational capability and maintenance planning;
however, substantial work is still required to understand the effect of particle deposition
on operating costs before this is feasible.
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5. Conclusions
A novel approach that couples particle deposition and gas turbine performance models
was developed and used to carry out Monte Carlo simulations that predict, with confidence,
the performance degradation and remaining life of aero-engines operating in the presence
of an airborne particulate in which the properties are uncertain. The suitability of this
approach for predicting the exhaust gas temperature rise, surge margin degradation and
therefore failure point of an engine was demonstrated by replicating two volcanic ash
encounter events for the Rolls-Royce RB211-524C engine. In general, the model currently
under-predicts performance loss and over-predicts the remaining engine life due to the
approach being limited to assessing damage in a high-pressure turbine and not accounting
for additional damage mechanisms such as compressor erosion, which further reduce surge
and EGT margins. Improvements to model fidelity such as incorporating the effect of other
damage mechanisms were identified as means to improve predictions of remaining engine
life. Potential improvements in the confidence of these predictions through a combination
of increased on-wing validation data and the use of novel sensing techniques to reduce
the number of variables in the Monte Carlo algorithm were demonstrated, with up to
an 80% increase in prediction confidence possible if the problem can be constrained to
a single property of the dust, C1. The proposed approach will aid engine operation by
improving the understanding of damage rates, allowing for better predictions of safe
operating conditions in high concentration encounter events and, in the future, enabling
the economic impacts of a proposed route through a dusty environment to be quantified.
Potential applications of the model in a digital twinning approach have been demonstrated,
which would allow remaining engine life to be forecasted based on a combination of sensed
engine performance and model predictions of anticipated damage. This will enable a more
predictive approach to optimising maintenance in which forecast damage rates and failure
points are used to reduce un-planned maintenance, engine down-time and ultimately
through-life costs.
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